We investigated how plant functional traits influence fine-scale patterns of tundra 26 carbon cycling, and how carbon cycling responds to climate warming. 27
We built a hierarchical model that included abiotic conditions (summer air and winter 28 soil temperatures, and soil resources), plant community functional composition and 29 diversity (plant size and leaf economics), and carbon cycling (above-ground and soil 30 organic carbon stocks, and photosynthetic and respiratory fluxes). We also simulated 31 warming effects on the peak-season CO 2 budget. 32
Plant size was the strongest predictor for most carbon cycling variables. Communities 33 of larger plants were associated with larger CO 2 fluxes and above-ground carbon 34 stocks. Communities with fast leaf economics had higher rates of photosynthesis and 35 soil respiration, but lower soil organic carbon stocks. Leaf economic diversity 36 increased CO 2 fluxes, while size diversity increased the above-ground carbon stock. 37
Simulations suggested that warmer summer air temperatures increase plant size and 38 accelerate leaf economics, while warmer winter soil temperatures increase plant size. 39
Both changes would enhance CO 2 uptake during the peak season. 40
We show that traits act as mediators between abiotic conditions and carbon cycling. controlling vegetation changes and carbon cycling in this complex system to be teased apart 120 (Díaz et al., 2007) . To our knowledge, such an approach has not been considered much thus 121 far. A deeper understanding of the proximate (vegetation) and ultimate (environment) drivers 122 of carbon cycling is therefore needed to identify climate change -related feedbacks in Arctic 123 ecosystems. 124
125
In this study, we examine the relationships between abiotic environmental conditions, plant 126 community functional composition and diversity, and carbon cycling in a tundra landscape 127 using a unique study setting of 87-200 intensively measured plots and coupled Bayesian 128 regression models. To understand carbon cycling comprehensively, we focus not only on CO 2 129 fluxes (gross primary productivity, ecosystem respiration, soil respiration), but also on carbon 130 stocks (above-ground and soil organic carbon stocks; for abbreviations used in materials and 131 methods, and results, see Table 1 ). Finally, we simulate how summer and winter warming 132 could cause cascading effects on the carbon uptake capacity of the ecosystem, measured as 133 the peak-season CO 2 budget. 134
Materials and Methods 135

Study site 136
The field observations for this study were collected in 2016-2018 in an oroarctic tundra 137 environment in Kilpisjärvi, northwestern Finland (Fig. 1) . The study area is located in an 138 elevational gradient between two mountains, Saana (1029 m.a.s.l) and Korkea-Jehkats (960 139 m.a.s.l), and the valley in between (ca. 600 m.a.s.l). The study design consisted of 220 140 locations in a 1.5 x 2.0 km area (Fig. 1) . The distance between two adjacent locations was a 141 minimum of 23 m (average 101 m). Individual study locations were thus in separate 142 vegetation patches. 143
144
The study area is above the mountain birch (Betula pubescens var. pumila (L.) Govaerts) 145 forest line, and is dominated by dwarf-shrub heaths. Empetrum nigrum L., Betula nana L., 146
Vaccinium myrtillus L., Vaccinium vitis-idaea L. and Phyllodoce caeruleae (L.) Bab. are 147 highly abundant in the area. The abundance of herbs and graminoids is fairly low and is 148 concentrated around meltwater streams. The main herbivores in the area are reindeer 149 (Rangifer tarandus tarandus L.), and voles and lemmings (Cricetidae moisture measurements, there were no precipitation events in the preceding 24 hours. In each 171 study location, moisture was measured from five 1 m 2 plots: one central plot and one plot 5 m 172 away in each cardinal direction. In each plot, three measurements were taken, and the average 173 was used in further analyses. Measurements were taken using a handheld time-domain 174 reflectometry sensor of the accuracy ±3.0 VWC% with 0.1 VWC% resolution (FieldScout 175 TDR 300; Spectrum Technologies Inc., Plainfield, IL, USA). Temperature loggers 176 (Thermochron iButton DS1921G and DS1922L; temperature range between -40 and 85°C, 177 resolution of 0.5°C, and accuracy of 0.5°C) were installed in 112 locations to monitor 178 temperatures 10 cm above and below-ground, at 2-4 h intervals. These single time-point 179 measurements were consequently aggregated to monthly averages. 180
181
To quantify average summer and winter temperatures and soil moisture conditions, we 182 averaged July air temperatures, average February soil temperatures, and growing season soil 183 moisture levels over several years for each location using random effects models with the R 184 package lme4 (version 1.1-18-1, Bates et al., 2015) . We chose July and February because 185 they are respectively the warmest and coldest months in the area. We used soil instead of air 186 temperature to characterize winter temperature conditions because during that time, most 187 plants are protected by a thick layer of snow. 188 189 Random effect modelling allows the use of hierarchical structure in the data to pool 190 information over those hierarchies, in this case years and locations. Thus, calculated averages 191 are also more robust to outlier observations than normal arithmetic averaging. Air The average soil moisture and pH of the organic layer were highly correlated (ρ > 0.8). 205
Hence, we reduced them to their first principal component, which we hereafter refer to as the 206 soil resource axis. The final predictors used in the analysis were thus named summer 207 temperature (average July air temperatures), winter temperature (average February soil 208 temperatures) and soil resources (first principal component of soil moisture and soil pH). 209 210
Vegetation data: trait and community data 211
We quantified vascular plant community species composition in 143 of the plots where CO 2 212 flux measurements were conducted (see section CO 2 flux data) using the point-intercept 213 method. These data have previously been used to study the relationship between the 214 Height was quantified as the height of the highest leaf on two random ramets within the 227 collar. LDMC was measured from two leaf samples taken from two different ramets. If only 228 one ramet of a species was present within the collar, height was measured only once, and two 229 leaf samples were taken from that one ramet. The leaf samples were taken at the time of 230 community surveys, put in re-sealable plastic bags with moist paper towels, and transported 231 to the lab to be stored at 4 for up to three days, before weighing for fresh mass. The leaves 232
were then dried at 70 for 48 h and weighed for dry mass. A precision scale with a resolution 233 of 0.001 g was used for weighing. LDMC is dry mass divided by fresh mass, and is thus 234 unitless. Location-specific trait values for each species were quantified as the average of the 235 two individual trait values. 236
237
As a measure of functional composition, we used community weighted means (CWM) of 238 these two traits, which have been shown to correlate with environmental conditions and 239 ecosystem functioning (Garnier et al., 2004) . We chose coefficient of variation (CV, standard 240 deviation/mean) as the measure of functional diversity. Many traits have a log-normal 241 distribution, meaning that natural variation within a community increases with average trait 242 values (Bjorkman et al., 2018b) . The CV represents trait variation in relation to that which 243 would be expected for a given CWM value, and can be thought of as normalized functional 244 variation in relation to functional composition. In the analysis, we refer to these variables as 245 height, LDMC, CV height and CV LDMC . 246 between -20 and + 40°C ± (1.0 + 0.008 * relative humidity reading)), and a measurement 254 indicator MI70 (Vaisala, Vantaa, Finland). In the chamber, CO 2 concentration, air temperature 255 and relative humidity were recorded at 5-s intervals for 90 s. Concentrations of CO 2 were 256 already corrected for atmospheric pressure and relative humidity during the measurements. 257 PAR was logged manually at 10-s intervals during the same period using a MQ-200 quantum 258 sensor with a hand-held meter (Apogee Instruments, Inc, USA). MQ-200 measures PAR at a 259 spectral range from 410 to 655 nm. 260 261 Steel soil collars (21 cm in diameter and 6-7 cm in height) were inserted in the soil at least 24 262 h before the measurements to avoid potential CO 2 flush from soil that may arise from the 263 disturbance caused by the installation of the collars. The soils in the study area are relatively 264 rocky and have long horizontal roots growing through them, thus our collars were embedded 265 only ca. 2 cm into the soil. To guarantee an air-tight seal, we sealed the edges of the collar 266 using inert quartz sand. The chamber was placed on top of the collar and ventilated after each 267 measurement. We progressively decreased the light intensity of NEE measurements from 268 ambient conditions to ca. 80%, 50% and 30% PPFD by shading the chamber with layers of 269 white mosquito net (n = 7-10). ER was measured in dark conditions (0 PPFD), which were 270 obtained by covering the chamber with a space blanket (n = 3). To measure SR, all above-271 ground vascular plant biomass was clipped. The clipping was done ≥ 24 h before the 272 measurements to avoid disturbance. We conducted three SR measurements in dark conditions 273 in each plot. The soil CO 2 emissions consist partially of moss and lichen respiration, as we 274
were not able to remove entirely all miniature cryptogams on the soil due to their tight 275 integration with the soil particles. Each plot was visited twice at midday during the peak 276 season in 2017. During the first time, plots were visited to measure NEE and ER between the 277 26 th of June and 27 th of July, and during the second time, plots were visited to measure SR 278 between the 7 th and 15 th of August. 279 280 Before flux calculations, we deleted the first and last 5 s of the measurements to remove 281 potentially disturbed observations. Thus, the final measurement period was 80 s for each plot. is the change in CO 2 concentration in time, M is the molecular mass of CO 2 (44.01 287 g mol -1 ), Vmol the molar volume (22.4*10 -3 m 3 mol -1 ) and Vc the volume of the air space in 288 the chamber, and A the area of the collar. The flux unit was µmol m -2 s -1 . 289
Carbon stock data 290
We measured the depth of the soil organic and mineral layers from three points on each plot 291 using a metal probe. In the analyses, we used the mean value of the three point measurements 292 to represent the organic and mineral layer depths in each plot. We collected samples of 293 roughly 1 dl from the soil organic and mineral layers with metal soil core cylinders (4 to 6 cm 294 in diameter, 5 to 7 cm height). The organic samples were collected from the top soil, and 295 mineral samples directly below the organic layer. The soil samples were taken ca. 2 m from 296 the central plot of the moisture measurement scheme to avoid perturbation, on the 1 st to 31 st 297 of August 2016 and 2017. The laboratory analyses were carried out in the Laboratory of 298
Geosciences and Geography and Laboratory of Forest Sciences (University of Helsinki). We 299 used a freeze-drying method to remove moisture from the samples. Bulk density (kg m -3 ) was 300 estimated by dividing the dry weight by the sample volume. Total carbon content (C%) 301 analyses were done using either Vario Elementar Micro cube or Vario Elemantar Max -302 analyzer (Elementar Analysensysteme GmbH, Germany). Before C% analysis, mineral 303 samples were sieved through a 2 mm plastic sieve. Organic samples were homogenized by 304 hammering the material into smaller pieces. 305 306 SOC for organic and mineral layer was estimated using Equation 2: 307
We had the C% and bulk density information for all organic samples, but we had 54 mineral 311 soil samples with C% and 70 mineral samples with bulk density estimates from the study 312 area. We used the median of these samples (3% for C% and 830 kg m -3 for bulk density) for 313 the carbon stock estimates in all mineral layers, but the mineral layer depth varied across the 314 sites. We consider this reliable due to the relatively low variability in mineral soil C% (0.4-315 6.5%) and bulk density (470-1400 kg m -3 ). In some plots, we used soil organic matter content 316 (SOM%) instead of C%. For more details, see Supporting Information, Methods S2. 317 318 Finally, organic and mineral layer stocks were summed together to calculate the total SOC 319 stock. Plots with no soil were excluded from the analysis. 320 321 Above-ground vascular plant biomass was collected between the 1 st and 10 th of August from 322 the collars. Biomass samples were oven-dried at 70°C for 48 h and weighed after drying. 323
Above-ground carbon stocks (AGC) were estimated by multiplying the total biomass by 324 0.475 (Schlesinger, 1991) . In the analysis, we refer to these variables as SOC and AGC. Information, Methods S3. 333
334
We used this model to predict the rate of NEE at dark (0 PPFD) and average light (600 335 PPFD) conditions, and a temperature of 20 at each plot. We refer to the flux normalized to 336 dark conditions as ecosystem respiration (ER). We then subtracted ER from the NEE 337 normalized to average light conditions to arrive at an estimate of normalized GPP. 338
339
We also used this model together with PAR and temperature logger data to simulate plot-340 specific NEE with 10 minute intervals for the 30 day time period between the 8 th of July and 341 7 th of August 2017. Temperature measurements were first interpolated from 2-4 h to 10 342 minute resolution. We summed the predictions to create an estimate of peak-season CO 2 343 budget. 344 345 Soil respiration was normalized to 20 with a Bayesian linear mixed model. The model 346 included a plot-specific random intercept and a linear temperature response. All priors were 347 left as the brms defaults. We refer to this variable hereafter as SR. 348 349 GPP and ER were calculated for all plots from which CO 2 measurements were taken (n = 350 200). Some of the steel collars were displaced between measurements of NEE and SR, thus 351 SR was only measured in 192 plots. Peak-season CO 2 budget was calculated for all plots in 352 which CO 2 fluxes were measured and were also continuously monitored for air temperature 353 (n = 103). GPP, ER, and SR are always shown with positive signs. Positive numbers for NEE 354 and CO 2 budget indicate net CO 2 gain to the ecosystem (i.e. CO 2 sink) and negative numbers 355 indicate net CO 2 loss to the atmosphere (i.e. CO 2 source). 356
Hierarchical model of tundra carbon cycling 357
We built a hierarchical model of tundra carbon cycling by combining five submodels. The 358 submodels describe 1) environmental effects on trait composition and diversity (n = 87), 2) 359 trait effects on CO 2 fluxes (GPP, ER, SR, n = 129), 3) trait effects on above-ground carbon 360 stocks (n = 134), 4) trait effects on soil organic carbon stocks (n = 129), and 5) the sensitivity 361 of peak-season CO 2 budget to photosynthesis and respiration (n = 102) ( We used the carbon cycling model to simulate warming effects on ecosystem capacity to 382 sequester carbon via changes in plant community functional composition and diversity. We 383 predicted the peak-season CO 2 budget for median environmental conditions, a winter 384 warming scenario (+1 February soil), a summer warming scenario (+1 July air 385 temperature), and a combination of the two warming scenarios. For the scenarios with 386 summer warming, we ran the simulations with and without direct temperature effects on 387 summer respiration. Direct temperature effects were included in the models by multiplying 388 predicted ER by the exponential of the temperature sensitivity parameter (β Temperature , Eqn S2) 389 from the previously fitted light-response model. We did not take into account residual 390 uncertainty in the predictions. We propagated uncertainty by evenly sampling 500 predictions 391 from the posterior distribution of each submodel, and used these values as the explanatory 392 variables in the next model. Finally, we also thinned the predictions from the last model to 393 500 samples. For each scenario, we calculated the probability of the modelled ecosystem to 394 be a net CO 2 sink. 
Abiotic versus plant functional trait controls on carbon cycling 404
Models with only trait-related covariates predicted carbon cycling as accurately -or even 405 more accurately -than models with both environmental and trait covariates (Fig. 3) . By the 406 principle of parsimony, we therefore focus our analysis on the simpler models. Supporting Information Fig. S3 ). SOC was positively related to CV LDMC (Fig. 4d , Supporting 431 Information Fig. S4 ). LDMC and SOC had positive residual correlations with a 97.5% 432 probability. Bayesian R²s for the models explaining AGC and SOC were 0.39 and 0.15, 433 respectively. 434 435 CO 2 budget sensitivity to warming 436
The simulated peak-season CO 2 budget was 1.4 times more sensitive to changes in ER than in 437 GPP (Fig. 4d) . Fluctuating light and temperature levels and the nonlinear light response curve 438 did not cause major nonlinearities in the determination of the budget, indicated by the 0.98 R² 439 of the linear model. The expected peak-season CO 2 budget was positively affected by the 440 functional changes brought about by simulated summer and winter warming, even when the 441 direct effects of respiration were taken into account (Fig. 6) . The probability of an ecosystem 442 patch being a summer net CO 2 sink grew in all but one scenario. In the simulation with 443 summer warming and a direct temperature effect, the probability of being a sink fell by one 444 percentage point. that the connection to ecosystem respiration is not as strong. The relationship between 476 ecosystem respiration and traits is more complicated due to the various sources of ecosystem 477 respiration (above-ground plant tissues, roots, symbionts and heterotrophs) which all have 478 different drivers (Barba et al., 2017) . The positive effect of leaf economics on soil respiration 479 was stronger and more certain than on ecosystem respiration. We speculate that there are 480 three potential reasons for this. First, faster growing plants often produce more litter that is 481 rich in nutrients and more easily broken down by soil microbes, resulting in higher soil 482 respiration rates (Cornwell et several mechanisms for how soil organic carbon stocks could increase with plant functional 511 diversity. One such mechanism is that increased productivity could lead to higher litter inputs 512 from leaves and roots (DeMarco et al., 2014) . Since leaf economic diversity did not increase 513 above-ground carbon stocks, our interpretation is that the positive diversity effect on soil 514 organic carbon stocks is probably due to increased root litter production, indicative of higher 515 total investments in acquiring below-ground resources. These observations would be 516 consistent with more efficient partitioning of below-ground resources, which would also 517 explain the positive effects of leaf economic diversity on CO 2 fluxes. 518 519 Functional diversity of plant size was positively associated with above-ground carbon stocks, 520
indicating that multi-layered vegetation stores more carbon compared to less structurally 521 diverse plant communities. Similar effects of size-related trait diversity on above-ground 522 biomass have been reported for German semi-natural grasslands (Schumacher & Roscher, 523 2009). On the other hand, Conti & Díaz (2013) reported a negative correlation between 524 structural diversity and above-ground carbon stocks in Argentinian forests, but note that this 525 is probably due to confounding factors. Our results provide strong evidence that structurally 526 layered tundra communities do indeed contain more carbon than vertically homogeneous 527 vegetation patches, because we modelled the effects of structural and resource-use trait 528 diversities separately, and because we controlled for the direct effects of functional 529 composition in constructing our diversity measures. 530 531
Effects of warmer temperatures on peak-season CO 2 budget 532
Simulated warming increased the capacity of ecosystems to sequester carbon during peak 533 growing season. This held true for both for summer air and winter soil temperatures. These Our results suggest that +1 higher summer air temperatures increase summer ecosystem 541 respiration by ca. 3%. Including this direct temperature effect on peak-season CO 2 budget did 542 not reverse the expected summer warming effects on the budget, but it did slightly increase 543 the probability of vegetation turning into a CO 2 source. Results from other parts of the tundra 544 have shown that short-term warming can in fact decrease net carbon uptake during the 545 growing season by increasing respiration more than photosynthesis (Biasi et al., 2008; 546 Parmentier et al., 2011) . Based on our results, this is also true in Scandinavian mountain 547 tundra, but the long-term effects on peak-season CO 2 budget are more likely to be positive is more or less immediate. Taken together with the fact that respiratory carbon losses are 555 bound to increase also beyond the peak growing season, and that the effects of climate 556 change on winter soil temperatures are modulated by changes in snow cover duration and 557 depth (Nobrega & Grogan, 2007), our results cannot be interpreted to mean that future 558 warming will increase the annual carbon sink of the tundra. 559
Conclusions 560
We found that in a tundra landscape, fine-scale carbon cycling was parsimoniously explained 561 by plant community functional composition and diversity, and that long-term environmental 562 conditions had only indirect effects. Average plant size was the strongest predictor of most 563 carbon cycling variables, but leaf economic diversity mattered the most for soil organic 564 carbon stocks. Plant size increased CO 2 fluxes and above-ground carbon stocks, whereas fast 565 leaf economics were associated with higher CO 2 fluxes and lower above-ground carbon 566 stocks. All carbon cycling variables were positively affected by the diversity of some 567 functional trait. Both warmer summer air and winter soil temperatures would lead to 568 functional changes in plant communities that would enhance carbon uptake during the peak 569 Tables   786   Table 1 
Above-ground carbon stock
The carbon content in the living plant biomass.
AGC Above-ground carbon stocks were estimated by multiplying the aboveground vascular plant biomass by 0.475.
Soil organic carbon stock
Soil organic carbon stocks in the entire soil horizon excluding roots.
SOC
Soil organic carbon stocks were estimated using the information of soil organic and mineral layer depth, bulk density, and soil carbon or soil organic matter content. 
